Introduction

50
Data from next generation sequencing (NGS) technologies, such as whole . The concept of defining a 'most variable' gene set was introduced to address the 57 much higher dimension of NGS data by filtering out genes with little to no differences 58 among samples with respect to some molecular data type and performing a cluster 59 analysis on the remaining, 'core gene set.' This approach has resulted in the use of 60 several definitions applied to define a core gene set, most of which are insufficiently 61 documented to enable their replicability. Other concepts in cluster analysis, such as 62 silhouette widths for examining the tightness of clusters, though around for some time,
63
have gained renewed interest for their use in defining a 'core sample set' within the 64 context of genomic data cluster analysis, an approach that has been particularly useful 65 when clustering many samples [3] . We have collectively placed these new approaches 66 and new adaptions of existing methods for genome-wide cluster analysis and heatmap 67 construction into the following general, genome-wide heatmap analysis workflow: 1) define a most variable gene set (a.k.a., 'core genes'); 2) perform cluster analysis using 69 core genes and construct heatmap of results; 3) estimate the number of clusters; 4) define 70 a core sample set and update the heatmap using both core genes and core samples.
71
The ability to implement steps two through four of this workflow would require at a 72 minimum, knowledge on how to download and separately run five preexisting R (Fig 2A) a mixture of samples with early and late survival times remains 210 in one cluster. As shown in Fig 2D, 
278
Within each data type, a core gene set was defined (Fig 4A) . For gene expression, IQR 279 was used to define 605 core genes, while for copy number VAR was used to define 739 280 most variable, core copy number segments. In the case of methylation data, an integrated 281 most variable analysis approach was invoked in NOJAH using a combination of both IQR 282 and MAD measures of spread and cut off corresponding to the 99 th percentile applied to 283 the combined sum of ranks of these two measures to obtain 788 most variable, core CpG 284 sites (see supplement for details on an integrated most variable analysis approach).
285
Using these core sets, consensus clustering was performed on each data type to 286 define number of clusters, resulting in k = 2 clusters in each of expression, methylation 287 and copy number. The resulting clusters within each data type were combined into a 288 binary matrix and a cluster analysis performed on it. Based on the CrC heatmap (Fig 4B) , sample cluster 1 (CrC 1 in blue) includes samples from E1, M1 and CNV1 clusters, while 290 cluster 2 (CrC 2 in red) includes samples from a mixture of data type clusters. Error!
291
Reference source not found.The boxplots of sample groups by data type (Fig 4C) 292 provides an interpretation for the combined clusters such that CrC 1 includes samples 293 with increased gene expression (E1), increased methylation (M1), and increased copy 294 number (CNV1). In contrast, CrC 2 is defined by a mixture of samples, including those A GWH analysis workflow was applied to each data type, 309 resulting in two sample clusters based on defined most variable genes, CpG sites and 310 copy number segments. Consensus clustering was carried out using 1-pearson 311 correlation distance and average clustering for expression and methylation data, and 312 canberra distance with mcquitty clustering for copy number data. For each data type, 80% 313 sample resampling, 100% gene resampling with 100 iterations and agglomerative 314 hierarchical clustering was performed. B) Heatmap of cluster results. Using a binary (0-315 1) matrix to indicate sample cluster membership based on individual data types, a 316 heatmap shows two sample clusters, as also indicated by consensus clustering using the 317 same parameters as in A, except euclidean distance and ward.D hierarchical clustering. 
